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Introduction

Microbes are the most diverse form of life on the planet. Many associate with higher eukaryotes,
including humans and plants, and perform key metabolic functions that underpin host viability [1, 2].
Importantly, they coexist in these ecologies in various symbiotic relationships [3]. Understanding the
structure of their interaction networks may simplify the list of microbial targets that can be modulated
for host benefit.

Microbiomes can be measured by sequencing all host-associated 16S rRNA gene content. Because
the 16S gene is a faithful phylogenetic marker, this approach readily reveals the taxonomic composition
of the host metagenome [4]. Given such sequencing experiments output an integral, non-negative
number of sequencing reads, the final output for such an experiment can be summarized in a n-samples
× s-taxa count table, Y , where Yij denotes the number of reads that map taxon j in sample i. It is
assumed Yij is proportional to taxon j’s true abundance in sample i.

To study interrelationships between taxa, we require a method that transforms Y into an undirected
graph represented by a symmetric and weighted s × s adjacency matrix, A, where a non-zero entry in
position (i, j) indicates an association between taxon i and taxon j. Correlation-based methods are a
popular approach to achieve this end [5–7]. Nevertheless, correlated taxa need not directly interact if,
for example, they are co-regulated by a third taxon. Gaussian graphical models remedy this concern
by estimating a conditional independence network in which Aij = 0 if and only if taxon i and taxon j
are conditionally independent given all remaining taxa under consideration [8–10]. However, they also
assume the columns of Y are normally distributed, which is unreasonable for a metagenomic sequencing
experiment. Finally, neither correlation nor Gaussian graphical modeling offer a systematic way to control
for confounding predictors, such as measured biological covariates (e.g. body site, or plant fraction),
experimental replicate, sequencing plate, or sequencing depth.

In this work, we develop a Poisson-multivariate normal hierarchical model that can account for cor-
relation structure among count-based random variables. Our model controls for confounding predictors
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at the Poisson layer, and captures direct taxon-taxon interactions at the multivariate normal layer using
an L1 penalized precision matrix.

Methods

Preliminaries

Let n, p, and s denote the number of samples, number of predictors, and the number of taxa under
consideration, respectively. Let Y be the n× s response matrix, where Yij denotes the count of taxon j
in sample i. Let X be the n× p design matrix, where Xij denotes predictor j’s value for sample i. For
a matrix M , we will use the notation M:i and Mi: to index the entire ith column and row, respectively.

The model

We wish to model conditional independence relationships among bacterial taxa measured in a metage-
nomic sequencing experiment while also controlling for the confounding predictors encoded in X. Toward
this end, we propose the following Poisson-multivariate normal hierarchical model.

w ∼ Multivariate-Normal
(
µ,Σ−1

)
Y ∼ Poisson(exp{Xβ + w})

Here µ and Σ−1 are the 1× o mean vector and o× o precision matrix of the multivariate normal, and w
is an n× o latent abundance matrix. The coefficient matrix, β, is p× o such that βij denotes predictor
i’s coefficient for taxon j.

The likelihood of this model is given by

o∑
j=1

n∑
i=1

[yij(xi:β:j + wij)− exp{xi:β:j + wij}] +
n

2
log |Σ−1| − n

2
tr
(

Σ̂(w)Σ−1
)

where Σ(w) is the empirical covariance matrix of w.
Intuitively, the columns of w are adjusted, “residual” abundance measurements of each taxa, after

controlling for confounding predictors in X. Therefore, we wish to model conditional independence at
the level of these latent abundances, rather than the observed counts. Recall if Σ−1

ij = 0, then w:i and
w:j are conditionally independent. To improve conditioning and the saliency of the result, we therefore
impose an adjustable L1-penalty on the entries of the precision matrix during optimization.

Model learning

The L1-penalized likelihood, modulo unnecessary constants, is given by

argmax
β,w,µ,Σ−1

o∑
j=1

n∑
i=1

[yij(xi:β:j + wij)− exp{xi:β:j + wij}] +
n

2
log |Σ−1| − n

2
tr
(

Σ̂(w)Σ−1
)
− λn

2
||Σ−1||1

where λ is a tuning parameter, and || · ||1 denotes the L1-norm.
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We optimize this objective using an iterative conditional modes algorithm in which parameters are
sequentially updated to their mode value given current estimates of the remaining parameters [11].
Given an estimates of w, µ, and Σ−1, the conditional objective for β is given by,

argmax
β

o∑
j=1

n∑
i=1

[yij(xi:β:j + ŵij)− exp{xi:β:j + ŵij}]

This is efficiently and uniquely optimized by setting β:k to the solution of the Poisson regression of Y:k

onto X using w:k as an offset, for all k ∈ {1, 2, . . . , o}.
Given estimates for β, Σ−1 and µ, the conditional objective for w is given by

argmax
w

o∑
j=1

n∑
i=1

[
yijwij − exp{xi:β̂:j + wij}

]
− n

2
tr
(

Σ̂(w)Σ̂−1
)

Each row of w is independent of all other rows in this objective and can therefore be updated separately.
To obtain the conditional update for wi:, we apply Newton-Raphson. The gradient vector, gi, and
Hessian, Hi, are given by

gi = yi: − exp{xi:β̂:j + wij} − (wi: − µ̂)Σ̂−1 Hi = −Σ̂−1 − diag(exp{xi:β̂ + wi:})

Because Σ̂−1 is positive-definite and exp{xi:β̂ + wi:} > 0 for all components, Hi is always negative-
definite. Thus, the conditional update for wi: is a unique solution.

Given β, Σ−1 and w, the conditional objective for µ is maximized by taking the sample mean of
each column of w.

Given β, w, and µ, the conditional objective for Σ−1 is given by,

argmax
Σ−1

log |Σ−1| − tr
(

Σ̂(ŵ)Σ−1
)
− λ||Σ−1||1

which is efficiently optimized using the graphical lasso [9].

Synthetic Community Validation Experiment

To test the model with real data, we constructed a 9 member artificial community composed of Es-
cherichia coli (negative colonization control) and 8 other bacterial strains originally isolated from plant
roots grown in two wild soils [2]. For each of 46 sterile plants, we inoculated the 9 isolates in varying
relative abundances in order to perturb their underlying interaction structure (Figure 1a). More specifi-
cally, for approximately half of the plants, one or more of the strains were randomly dropped out, and
for the other half, all strains were present, but ranged in input abundance from 0.5-50%.

Plants were grown in an inert and sterile calcine-clay soil. Plant roots were harvested 4 weeks
post inoculation, and the abundance of root-associated isolates was measured with 16S rRNA profiling
of the V4 variable region using the method described in [12]. All consensus sequences (ConSeqs) –
sequencing reads adjusted for PCR-amplification bias [12] – for each root sample were mapped using
the Burrows Wheeler Aligner [13], to a previously constructed sequence database of each isolate’s V4
region. Mapped ConSeqs to a given isolate in a given sample were counted and subsequently assembled
into a 46-samples × 9-isolates count matrix, visualized in Figure 1b.
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Figure 1: Re-colonization and isolate-isolate interaction results from the 9 member synthetic community.
a) Isolates × plants (samples) input abundance matrix. b) log10 transformed raw abundances of each isolate
obtained at the time of harvest (4 weeks post inoculation). Abundances are measured in ConSeqs [12], which are
PCR bias corrected sequencing reads. c) Inferred latent abundance matrix. d) Network visualization of significant
interactions (left) and bootstrap sampling distributions of all entries in the precision matrix (right). An interaction
was considered significant if the 5 and 95 percentile interval of its bootstrap distribution did not contain 0. e)
Co-plating experiments to test model predictions of interactions and non-interactions. The left-most plate tests
the network illustrated in (d), and the middle and right plate test interaction predictions that were not significant.
The images shown are representative of three independent co-platings.

Results

We applied our model to the 46 root-samples × 9 isolates count matrix. Starting input abundances
(Figure 1a), log-sequencing depth, and harvester were entered as predictors. To assess the significance
of interaction predictions, the model was bootstrapped 200 times.

Figure 1c illustrates the inferred latent abundance matrix, ŵ. Clear negative correlation can be
observed between isolates 105 and 181 and to a smaller extent between isolates 105 and 50. The
precision matrix that supports these interactions suggests 50 and 181 are conditionally independent
given 105, and that interactions between (105,181) and (105,50) are inhibitory in nature.

In vitro co-plating experiments corroborate the model’s predictions exactly in direction and also
semi-quantitatively (Figure 1e). In particular, they show that (105, 181) and (105, 50) are, indeed,
antagonistic interaction pairs, and moreover, that 181 and 50 are the inhibitors. Additionally, the (181,
105) inhibition appears more pronounced than the (181, 50) inhibition, just as the model suggests.
The model also predicts conditional independence of 50 and 181 given 105. Indeed, the inward facing
edges of the 181 and 105 colonies do not appear deformed, and therefore suggest a non-interaction.
Co-platings of the (303, E. coli) and (33, E. coli) interaction pairs reveal no significant interaction and
thereby support the model’s predictions of non-interaction for these pairs.

Discussion

We demonstrated our Poisson-multivariate normal hierarchical model can infer true, direct microbe-
microbe interactions in real data. Though not illustrated for brevity, we find that proper modeling
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of confounding predictors is necessary to detect the (105, 181) and (105, 50) interactions. Without
controlling for starting input abundances, harvester, and particularly log-sequencing depth, the model
does not detect any significant interactions. In simulation experiments (not shown), we find that our
model consistently maintains a lower false discovery rate than Spearman correlation, a sparse correlation
threshold method, SparCC [6], and the Nonparanormal SKEPTIC – a semi-parametric version of the
graphical lasso [14] – when there are confounding predictors. Without such covariates, our model and
the Nonparanormal SKEPTIC perform comparably in the number of falsely discovered edges, and both
handily outperform the correlation based methods. Finally, we have also extended our method to model
multivariate, count-based time-series. We are currently testing it using 20-member synthetic community
perturbation experiments that are harvested over 8 time points, 4-7 weeks post inoculation.
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